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Recent availability of geo-localized data capturing individual human activity together with the
statistical data on international migration opened up unprecedented opportunities for a study on
global mobility. In this paper we consider it from the perspective of a multi-layer complex network,
built using a combination of three datasets: Twitter, Flickr and official migration data. Those
datasets provide different but equally important insights on the global mobility: while the first two
highlight short-term visits of people from one country to another, the last one — migration —
shows the long-term mobility perspective, when people relocate for good. And the main purpose
of the paper is to emphasize importance of this multi-layer approach capturing both aspects of
human mobility at the same time. From one hand we show that although the general properties of
different layers of the global mobility network are similar, there are important quantitative differences
between them. From the other hand we demonstrate that applications of a multi-layered network
can sometimes infer patters which can not be seen from studying each network layer separately.
So we start from a comparative study of the network layers, comparing short- and long- term
mobility through the statistical properties of the corresponding networks, such as the parameters
of their degree centrality distributions or parameters of the corresponding gravity model being fit
to the network. We also focus on the differences in country ranking by their short- and long-
term attractiveness, discussing the most noticeable outliers. Finally, we apply this multi-layered
human mobility network to infer the structure of the global society through a community detection
approach and demonstrate that consideration of mobility from a multi-layer perspective can reveal
important global spatial patterns in a way more consistent with other available relevant sources of
international connections, in comparison to the spatial structure inferred from each network layer
taken separately.
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2I. INTRODUCTION
People travel from one country to another for different reasons and while doing so, a lot of them leave their digital
traces in various kinds of digital services. This opens tremendous research opportunities through the corresponding
datasets, many of which have been already utilized for research purposes, including mobile phone records [1–4], vehicle
GPS traces [5, 6], smart cards usage [7, 8], social media posts [9–11] and bank card transactions [12–15]. By analysing
these traces we can reconstruct people movements and afterwards analyse them to see if interesting or useful patterns
emerge or to build models for predicting where they will go next.
It has already been shown that results of such analysis can be applied to a wide range of policy and decision-making
challenges, such as for example regional delineation [16, 17] or land use classification [18, 19]. A number of studies
focus specifically on studying human mobility at urban [20–22], country [23] or global scale. When considering aspects
of human mobility at global scale, in particular two major types of movements can be observed: an international
migration [24–27] and short-term trips explored through for example geo-localized data from Twitter [28] or Flickr [29,
30].
Some studies tried to primarily explain and model global mobility [24–27], while other rather focused on its ap-
plications, such as revealing the structure of the global society through global mobility networks [16, 17, 28]. Some
scholars even considered relationships between human migration and economical links between countries [31, 32]. How-
ever, global human dynamics by itself has a complex nature containing various types of mobility, including different
processes as permanent relocation and short-term visits; and thus cannot be fully understood through any single
data source focusing on just one particular aspect of human behavior. On the other hand, recent studies provided
methodological background to deal with multi-layer complex networks [33].
In this study we use three different sets of data each representing different kind of people movements. Namely, Flickr
and Twitter represent short-term human mobility, while migration network contains information about a long-term
one. Although Flickr and Twitter are similar in a certain sense, they show different types of people activity during
travel motivated by different reasons: in case of Flickr it is mostly activity during a leisure time and visits to some
touristic places, while in case of Twitter it can be just any kind of activity: business or touristic one. Moreover, they
are complement as in some counties where only one of those services may be popular and widely used by people.
Further we provide a comparative study of different layers of human mobility. The specific focus of our study is on
demonstrating that such a complex approach to human mobility considering it from different short- and long-term
perspectives is of a principle importance: a multi-layer global mobility network shows patterns not seen from each
layer separately. In order to evaluate our hypothesis, we applied a method for detecting communities in multi-layer
networks and compared outcomes with those for the other existing international connections (e.g., language, colony
and trade networks). The results showed that communities detected in the three-layer network are on average much
more similar to existing international connections than the ones observed in each layer separately.
II. DATASETS
As our study aims for investigating human mobility from two different perspectives (i.e., long-term and short-
term), we include three datasets where two of them capture short-term human movements such as touristic, personal
or business travel, and one of them reflects long-term mobility such as people moving to another country to live there.
In that sense, short-term human mobility is revealed from more than 130 million geo-tagged digital objects (e.g.,
videos and photographs) publicly shared on Flickr and more than 900 million geo-tagged tweets posted by 13 million
users on Twitter, while long-term one is inferred from United Nations official migration statistics. Moreover, in order
to compare mobility patterns determined in the aforementioned way and in some sense also to verify our results, we
used three other datasets showing international connections: colonial dependency, network of languages shared by
countries and network of international trade.
Flickr dataset used in our study contains more than 130 million photographs and videos. It was created by merging
two publicly available Flickr datasets — one coming from a research project and another from Yahoo [34, 35]. The
records in two datasets partially overlap, but since each digital object in both datasets has its id, we were able to
merge them by omitting duplicates and choosing only those records that were made within a 10 year time window,
i.e., from 2005 and until 2014. The second dataset on short-term mobility consists of geo-tagged messages posted
during 2012 and collected from the digital microblogging and social media platform Twitter. Data was collected with
the Twitter Streaming API [36] and cleansed from potential errors and artificial tweeting noise as previously described
in [28].
In order to build a two-layer directed and weighted network that describes short-term human mobility, we had to
convert Flickr and Twitter datasets into origin-destination matrix where origins represented users’ home countries
and destinations are places (i.e., countries) where users created digital objects or tweeted from. Since both datasets
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FIG. 1. Penetration of Flickr and Twitter into countries all over the world as number of users who travel abroad per 1 million
of population.
do not contain information about user home location, we had to determinate which of the users are acting in each
location as residents by using the following criteria: a person is considered to be a resident of a certain country if this
is the country where he/she took the highest number of the photographs/videos over the longest timespan (calculated
as the time between the first and last photograph taken within the country) compared to all other countries for the
considered person1.
Using this simple criteria, we were able to determine home country for over 500 thousand users in Flickr dataset
that took almost 80% of all the photographs/videos in the dataset (i.e., more than 90 millions in total), while the
rest of users for which home country could not be defined mostly belong to a low-activity group taking photographs
only occasionally. When constructing the two-layer weighted and directed mobility network, we only considered users
for whom we were able to determine their home country. Finally, two countries are connected with a link if there
is at least one person from the first country that had some activity in the second country where the value of every
weighted link in this network corresponds to the total number of users from one country that made digital objects or
tweeted in the other one.
We should mention here that Flickr and Twitter are much more widely used in developed countries while penetration
into some other countries can be quite low. Figure 1 shows how many users per 1 million of population from each
country we determined to be active outside their homeland. We can see that penetration in China (mostly due to
restrictive legal regulations) and India as well as in most African counties is pretty low. About 75% of all the countries
for Flickr and 45% for Twitter have less than 0.01% of population ever using these resources abroad.
The third layer was constructed using dataset with statistics on number of foreign citizens or foreign-born population
living in each country in July 2010. This data is publicly available and can be downloaded from United Nations,
Department of Economic and Social Affairs website [38]. This statistic is basically already provided in a form of an
origin–destination matrix, so the process of extending the two-layer directed and weighted network on human mobility
with one additional layer describing long-term human movements was very straightforward.
Finally, to see how the built three-layer mobility network correlates with cultural and economical parameters, we
created three separate networks of country relationships based on colonial dependence, common language spoken by
people in different countries and bilateral trade between countries. In the first network of colonial dependence [39]
two countries are connected if one of them was a colony or dependent territory of another one. Furthermore, the
second network is network of common spoken languages [40] where two countries are connected if there is at least
one common language that is official in both countries or spoken by majority of population in both of them. Unlike
the first two, the third one is a weighted network of trade flows between countries obtained from United Nations
Commodity Trade Database [41] where the value of the link represents the amount of import/export (in US dollars)
in 2012.
III. QUANTITATIVE AND QUALITATIVE PROPERTIES OF MOBILITY NETWORKS
Before we get to the analysis of the entire three-layer mobility network, constructed as explained in the previous
section, we start from a comparative study of some basic quantitative characteristics of the network layers. We try
1 More about why it is important to choose the right home detection method for the given dataset and which methods are the most
commonly used ones can be found in [37].
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FIG. 2. Cumulative distribution of normalized node strength (a) and normalized link weight (b).
to figure out their differences and similarities, seeing if those different datasets effectively tell us the same stories
about global human mobility or the different ones. Specifically, the main focus of this section will be the comparison
of long-term versus short-term attractiveness of the countries. Focusing on the countries’ ability to attract foreign
visitors, for this analysis we excluded loop-edges from all the networks and considered a common measure of ‘incoming
degree centrality’, which in our case of weighted networks becomes ‘strength centrality’. We additionally consider
the distribution of links’ weights in order to gain insights from the overall composition of the international mobility
fluxes.
Relative country attractiveness for the foreigners could be computed as the fraction of all people who travel outside
their country of origin which come to that considered country of destination and can be calculated as a normalized
node incoming strength (i.e., as the sum of weights of all incoming non-loop edges to the given destination divided by
the sum of all non-loop edge weights in the network). We also consider relative weights for each specific mobility flux
between the two countries as the number of people moving between them normalized by the total number of people
moving out of the considered origin. From Figure 2, which plots cumulative distribution function of normalized
incoming strengths of the nodes and relative link weights for all three networks, we can conclude that all shown
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5distributions are pretty similar to log-normal, with the migration network links showing a value of variance much
higher compared to other two touristic networks. This means that the migration fluxes are generally more diverse
than the short-term mobility ones as seen from Flickr and Twitter networks.
In order to explore the observed link diversity in more details, on Figure 3 we show how many links one needs to
cover a certain percentage of the entire network’s flow. We can see that in the migration network top 1% of links
cover almost 40% of entire network flow, and 10% of links cover 90%, while those values are much smaller for other
two networks. This observation can be explained by the fact that although migration links are generally diverse, for
tourism there is a much broader choice of major destinations than for migration.
Finally, we calculate countries’ ranks according to their foreign attractiveness. Figure 4 shows how a short-term
(averaged over Twitter and Flickr networks) attractiveness rank correlates with a migration attractiveness rank.
However interesting stories are told by the outliers. Here we can see some very clear patterns: on one side there
are prosperous Middle East countries attractive for professional migration, but relatively less popular for short-term
visitors, including tourists, and on the other side there are less prosperous countries not so much attractive for
migrants, but offering much more interesting natural attractions which makes them primary touristic destinations.
Short-term attractiveness rank
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FIG. 4. Comparison of counties’ short-term vs. long-term attractiveness ranks.
6Needless to say, there are also highly developed countries with very well established tourism, plenty of business visitors
and lots of incoming migrants, being highly ranked in both short and long-term attractiveness.
Although results of our analysis presented in this section showed that all three networks share some common
properties, at the same time they differ in many aspects. Common features of networks reflect certain facts about
different types of countries: the most developed countries are popular for both types of visitors, but then again there
are also countries attractive only from one side. Moreover, it has been shown that the migration flow is much more
concentrated around just couple of pairs of origin/destination countries, while tourists have a larger variety of choices
when deciding where to go next.
IV. MODELING MOBILITY
One of the goals of many studies on human mobility has always been to predict mobility flows. Although couple
of different models were proposed, still most of related work rely on classical gravity model [42, 43]. The model takes
spatial population distribution including distances between different locations as input and predicts mobility fluxes
with respect to several model parameters, called exponents. The least are either assumed either are to be fit from
partial knowledge of the network. Recently an alternative parameter-free radiation model has been suggested [44],
which allows to predict human mobility just based on the spatial distribution of the country population without any
parameters to fit, although the radiation model in turn relies on some partial knowledge of the mobility network as
specified below. We compare performance of those models on our global mobility network and use them to reveal and
compare patterns behind the three layers of this multi-layer network.
Classical gravity model tries to predict number of people moving from origin i to destination j as wij = C
popipopj
dαij
,
where dij is the distance between i and j, C is a global normalization constant ensuring that the predicted total
activity is the same (or on the same scale) as observed and α is an adjustable parameter of the model. To address
the network heterogeneity we used the total amount of outgoing mobility souti observed in the network instead of
the population popi of origin i, as the least might not be the most relevant parameter for our networks due to high
differences in penetration level of Flickr and Twitter across populations of different countries. This will also help a
fair comparison between gravity and radiation models as the least as we will describe below, specifically relies on the
knowledge of souti . Therefore, in our case the final expression for predicting a flux from i to j is
wij = C
souti popj
dαij
.
We also consider a ‘locally-normalized’ version of the gravity model, i.e., gravity model in a form
wij =
souti popjd
−α
ij∑
k 6=i popkd
−α
ik
.
This type of constrained model is rooted in the earlier work [45] and more recently presented in [46] and [47].
Unlike gravity, radiation model is claimed to be parameter-free. It uses only population distribution to predict the
flux of people as
wij = s
out
i
popipopj
(popi + sij)(popi + popj + sij)
,
where sij is the population within circle with center at i and radius equal to the distance between i and j excluding
population of i and j, souti as before represents the total number of the commuters from i. Worth mentioning however
that the model still depends on the knowledge of souti . Masucci et al. [48] adjusted the radiation model, introducing
the appropriate normalization factor for finite systems. After incorporating this factor we came up with equation that
we used in our experiments in a form of
wij =
souti
1− popi∑
k popk
popipopj
(popi + sij)(popi + popj + sij)
.
After fitting the gravity model and its ‘locally-normalized’ version on the logarithmic scale together with construct-
ing the radiation model for the three layers of our multi-layer mobility network we got results presented in Figure 5.
From the figure and values of R2 presented in Table I we can conclude that for all three layers the gravity model —
both, classical and locally-normalized version — fit much better for the appropriate choice of the parameters.
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FIG. 5. Fit of models to Flickr, Twitter and migration networks.
TABLE I. Results of fitting models to layers.
Parameter Flickr Twitter Migration
α gravity 1.2934 1.1016 2.0188
α ‘locally-normalized’ gravity 1.4404 1.1153 2.1995
R2 gravity 0.59 0.72 0.72
R2 ‘locally-normalized’ gravity 0.61 0.72 0.71
R2 radiation 0.34 0.28 0.55
For that reason we will stick to the gravity model in our further analysis. Worth mentioning that sometimes other
parameters are introduced to the gravity model as well, such as population exponents. However when fit those got
pretty close to 1 and did not improve the model performance much, so we limit our analysis with having just the
distance exponent making the highest impact and revealing the strongest pattern.
And the above pattern happens to be pretty distinctive for different layers of the network as one can see from
the Table I, where we report values obtained while fitting the parameter α, i.e., the exponents for the impact of the
distance between origin and destination countries. Those indicate how fast the flux of people moving between the two
countries decays with increment of distance between them. For both — classical and locally-normalized versions of
the model — the relative pattern looks quite consistent: the exponent is slightly higher for Flickr network compared
to Twitter and much higher for the migration layer. As the higher is the exponent, the faster is the decay of mobility
with the distance, we can conclude that migrations are usually much more local, while short-term mobility is much
less spatially constrained.
V. DETECTING COMMUNITIES IN THE THREE-LAYER MOBILITY NETWORK
After exploring properties of each network (layer) separately, which revealed certain general similarities, but also
noticeable differences between the layers, we wanted to check our hypothesis that the three-layer mobility network
shows patterns that cannot be observed if looking only layer by layer. In order to evaluate the hypothesis we focused
on the problem of community detection.
Previous studies [16, 17] have shown that community detection in human interaction and mobility networks usually
leads to connected spatially cohesive communities (even with no spatial considerations in the community detection
method) often revealing meaningful geographical patterns. There was no exception for the global mobility networks
estimated from Twitter [28], as well as from migration data [25]. However, while separate layers of mobility network
provide interesting partial insights on the spatial structure of the global human society, we wonder if certain patterns
can be seen only from the multi-layered perspective. Several ways to detect communities in multi-layer networks were
proposed recently [49, 50] and for our study we chose the approach based on a direct multi-layer generalization of the
most widely used objective function for network partitioning which is modularity [51, 52].
Even before building a multi-layer generalization of the modularity, one more adjustment has to be made to it for
our case in order to account for the absence of loop edges in the mobility networks we consider. For that purpose
we altered the way null-model used by modularity estimate weight of each edge. In its classical form modularity
8uses
sitj∑
k sk
as an expected weight of the edge from i to j, where if wij is the weight of the link from i to j then
si =
∑
j wij and tj =
∑
i wij . This can be explained as that distribution of the outgoing weight si among all the
possible destinations is proportional to their incoming weight tj . However, if loop edges do not participate in this
distribution then it should be rather
sitj∑
k 6=i sk
or
sitj∑
k 6=j tk
, depending on whether it is seen as distribution of the outgoing
weight si among all the destinations except i itself, or as distribution of the incoming weight tj among all the origins
except j. Finally, as a final estimation we use average of those, that leads to the expression 12
(
sitj
m−ti +
sitj
m−sj
)
, where
m =
∑
k sk =
∑
k tk =
∑
ij wij is total weight of all edges.
Since it has already been shown that modularity suffers from certain drawbacks, such as a resolution limit [53, 54]
preventing it from recognizing smaller communities, we also used the approach proposed by Arenas et al. [55] that
involves introduction of a so-called resolution parameter, leading to the further adjustment of the modularity score.
This way the final formula for the adjusted modularity measure used for our case of the mobility networks free of the
loop edges is:
1
2m
∑
i 6=j
(
2wij − a sitj
m− ti − a
sitj
m− sj
)
δ(Ci, Cj),
where a denotes the resolution parameter, i, j are nodes, Ci, Cj – the communities they belong to, δ(x, y) = 1 if x = y,
0 otherwise.
To deal with the multi-layer network, where all layers share the same nodes, following Tang et al. [50] we combined
adjusted modularity scores of each layer taking their average value and using this as a resulting utility function for
the multi-layer network as following:
Q =
1
3
3∑
l=1
1
2ml
∑
i,j
(
2wlij − a
slit
l
j
ml − tli
− a s
l
it
l
j
ml − slj
)
δ (Ci, Cj),
where l denotes layer, wlij is the weight of the link from i to j in layer l, s
l
i =
∑
j w
l
ij , t
l
j =
∑
i w
l
ij , m
l =
∑
ij w
l
ij .
While in order to find the best partitioning we optimized this multi-layered version of modularity using efficient and
precise Combo algorithm [56], suitable for dealing with different types of objective functions.
For the sake of noise reduction, we excluded nodes for which incoming or outgoing strength was less than 10
at least in one layer, that left us with a network of 201 countries. We consider partitioning for different values
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9FIG. 7. Communities for resolution parameter value equal to 1.0.
of resolution parameter for each of the three network layers separately and then for the entire three-layer mobility
network. Figure 6 shows dependence of the resulting number of communities (provided by the algorithm looking
for the optimal partitioning in terms of the adjusted modularity for any number of communities) on the value of
FIG. 8. Communities for resolution parameter value equal to 1.5.
10
FIG. 9. Communities for resolution parameter value equal to 2.0.
a resolution parameter. When applying modularity maximization with the default resolution parameter of 1.0 to
each layer separately, it leaves us with only four and five communities for Twitter and Flickr, respectively, while for
resolution parameter equal to 2.0, number of detected communities goes up to seventeen making it already harder
to visually recognize and analyse different communities on a map. That is why we considered only partitions for
parameter taking values between 1.0 and 2.0 presenting the results in Figures 7, 8 and 9 for resolution parameter
values 1.0, 1.5 and 2.0, respectively. From all figures we can see that partitions of multi-layer network always have
less anomalies and are easier to explain than partition of any layer alone. For example China is often united with
North America or even with Canada alone in Flickr and migration layers, which still might be explained, but it
feels much more natural to see China as a part of east Asia. In partition of multi-layer network one can always
clearly see communities of both Americas (for a = 1 they united into one community), communities of former USSR
countries and Arabic countries. In case of a = 1 entire Europe is nicely united into one community. Partitions start
to be more complicated for higher a, but this is because more local patters are discovered. Nevertheless, for multi-
layer network Australia is never united with United Kingdom, south-east Asia is always united with the rest of east
Asia, south and central Africa form their own communities, i.e., communities are much more geographically cohesive.
Another interesting property of the mobility networks consistent with the previous findings of Ratti et al. [16] and
Sobolevsky et al. [17] is that their partitions are spatially connected even though we never imply that. Reasons behind
that some countries are grouped into one community can include close geographical distance, strong economical ties
and cultural aspects. And this property is particularly clearly observed for the multi-layered network’s partitioning.
The final step of providing the evidence for our hypothesis is to evaluate the obtained partitions. For that purpose
we compare them with the partitions got from other available types of international connections. As it was previously
described in Section II we chose language, colonial and trade networks for our analysis. We quantify the similarity
between partitions using the normalized mutual information (NMI) [57], which came from information theory and now
is also widely used in community detection for partition comparison. After expansion of all expressions for entropy
in its definition, NMI of two partitions A and B can be calculated as:
NMI =
−2∑CAi=1∑CBj=1Nij log ( NijNNAi NBj )∑CA
i=1N
A
i log
(
NAi
N
)
+
∑CB
j=1N
B
j log
(
NBj
N
) ,
where CA and CB are the numbers of communities in each partition, N
A
i and N
B
j are the cardinalities of each
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FIG. 10. Similarity of community structure between networks of human mobility and other existing international connections.
community, Nij are the numbers of nodes classified to community i in partition A and to community j in partition B,
N denotes the total number of nodes. NMI takes values from 0 to 1 and the higher its value is, the more similar the
partitions are, meaning that for identical partitions NMI equals to 1.
Finally, we compared partitions for each layer and the entire multi-layer network with three partitions of the
other networks, quantified similarity of partitions and took average NMI to evaluate how consistent the partitions of
each layer and the entire multi-layer network are with the patterns from cultural, historic and economic networks.
Results of comparison presented in Figure 10 show that the community structure of the three-layer mobility network
is consistently more similar to the community structure of cultural, historic and economic networks, than community
structure of each layer considered separately. This can serve as a good quantitative initial validation of our hypothesis:
when considering different aspects of mobility together in a form of the the three-layer mobility network, one can
indeed reveal some patterns consistent with other observations better than it could be done by considering any of
mobility layers alone.
CONCLUSIONS
In this study we explored records of different types of human mobility: long-term and short-term. We analysed
their similarities and differences and showed that country attractiveness, which is represented with the number of
foreign people visiting it, in all three networks follows a log-normal distribution. Moreover, our results showed that
normalized weights of links also follow the same distribution with almost the same scaling parameters for Flickr and
Twitter networks and much more diverse for the migration one. The existence of a fewer number of stronger migration
flows covering majority of the entire migration activity denotes that people tend to move to rather few major countries
of interest, while from touristic or other short-term perspective the destinations are more diverse.
We ranked all countries according to their attractiveness for long-term and short-term visits and specifically inves-
tigated outlier countries that are highly ranked from one perspective and not from the other. These countries fall into
two easily distinguished groups: the first one mostly consist of Arabian countries that could be seen as very attractive
for immigrants, but not that much for tourists; and the second one composed of developing countries with beautiful
nature and quite high population density which attract a lot of tourists but a fewer amount of migrants. Nevertheless,
there is also a group of highly developed countries that attract both tourists and immigrants.
We also looked at how different types of mobility could be predicted by existing models. After fitting the gravity
model to all layers of our multi-layer mobility network, we showed that long-term mobility is much more local than
short-term one meaning that when people choose where to live they take into an account distance much more often
than when choosing where to go for a trip.
12
Finally, as we found that different datasets provided different perspectives on human mobility, we combined them
into one three-layer mobility network. We showed that considering all three mobility networks together as one single
multi-layer network, helps us to better describe the structure of the global human society in a way which is more
consistent with other types of known links between the countries. Namely, we applied a community detection method
to three networks separately together with the multi-layer one, and compared all four resulting partitions with those
obtained from networks of other existing international connections (i.e., language similarity, colonial relations and
international trade). The results showed that the three-layer mobility network provides an underlying structure
consistently more similar to the structures behind those international connection networks, compared to each of the
three mobility network layers taken separately. We also discuss the specific spatial patterns revealed. Therefore, our
general conclusion is that considering human mobility network from a multi-layer perspective is crucial as multi-layer
mobility networks can reveal some important patterns which single networks cannot.
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